which is surprising given the long tradition of controlling for patient case mix in health care provider performance profiling (e.g., see Salem-Schatz et al. 1994; Iezzoni et al. 1996) . Case mix refers to the patient characteristics that may affect health care cost, which has to be taken into account for fair comparison across health care providers.
In this study we focus on cost variation to evaluate the performance of care groups. Large cost variations that are not explained by case mix, patient's illness (kind and status of the illness), or preferences (for health care consumption) are considered to indicate a below-standard economic performance of those care groups with significantly higher costs, thereby identifying room for (further) improvement (Wennberg 2011) . The aforementioned costs studies (Achmea 2011; Van Schooten et al. 2012) concluded that huge cost differences between care groups exist, and subsequently stated that large efficiency gains are potentially (still) achievable. However, both studies did not present the corresponding confidence intervals (CIs) for these point estimates. Simple mean aggregation without CIs ignores that care groups with more enrolled patients are measured more reliably than those with fewer patients. Thus, it remains unclear to what extent these differences between care groups are attributable to real performance respectively to other factors outside the power of care groups or coincidence.
In addition the multilevel problem, that is, that data are structured in multiple levels of clustered relationships between sets of units (Hox 2002 ), tends to be ignored which can lead to incorrect inferences. For example, in the case of care groups, patients (and their characteristics) are clustered within GPs, who in turn are clustered within care groups. As a consequence, care group variation based on simple mean aggregation may be an artifact of the composition effect (i.e., the distribution of patients or GPs) and not a real "context" effect at the care group level (Duncan, Jones, and Moon 1998; Malmstr€ om, Sundquist, and Johansson 1999 ). Therefore, the patient level as well as the GP level have to be accounted for when trying to investigate the isolated impact of the "context" care group on costs and the variation in costs.
Improving upon these studies, we use a generalized linear mixed model (GLMM) to capture the context effect of care groups on individual health care costs. This approach combines two long-standing methodological issues in public health research, namely the modeling of (highly skewed) health care costs (e.g., Manning and Mullahy 2001; Kilian et al. 2002) and health care provider profiling (e.g., Christiansen and Morris 1997) . In short, the generalized linear model is used to model the skewed costs distribution, while random components model the nested structure of the data.
The application of a random-effects approach to study differences between care groups may reveal different results than the previous Dutch studies have found based on simple mean aggregation. The aims of our study were therefore (1) to investigate to what extent the variation of treatment costs of patients with diabetes type 2 can be attributed to the performance of care groups; and (2) to investigate if the more sophisticated approach finds significant differences between care groups and whether this approach results in a different performance ranking than the currently employed simple mean aggregation.
The analyses were performed for two indicators, namely (1) total treatment health care costs per patient, and (2) diabetes-specific specialist care costs per patient. The first indicator was chosen because the general assumption is that care groups reduce total treatment health care costs of diabetes patients. Total treatment health care costs cover all costs of primary and secondary care as well as medication (diabetes-related and nonrelated). However, to the extent that a large part of the health care utilization occurred outside the scope of the care groups, total treatment health care costs is biased by confounding variables, such as treatments for nondiabetes-related specialist care. Therefore, we repeated the analyses with diabetes-specific specialist care costs. In the Netherlands, specialist care takes place exclusively in secondary care.
METHODS

Data Sources
We used 2009 health insurance claims, which were obtained from the health care information center Vektis. Vektis collects and manages health claims data on all health care procedures covered by the Dutch basic statutory insurance package, including the costs for compulsory excesses (De Bo 2011) . The Vektis databases covered 92 percent of all insured people living in the Netherlands in 2009 and comprised data of all Dutch health insurers. Vektis data also contain personal information on the policyholders, including date of birth and sex. To ensure the privacy of patients and care providers Vektis pseudonymised the patients' citizen service numbers (national identification numbers) and care provider codes.
Study Population
We analyzed health claims data of adult diabetes type 2 patients who were insured and alive in the year 2009 and were registered with GPs participating in care groups paid on a BP basis. GPs were classified using specific procedure code numbers, which were used by care groups to claim BP fees. For this study, we selected 104,544 cases from estimated 150,000 type 2 diabetes patients enrolled in BP in 2009. Health claims data are not ready-to-use and need to undergo several checks (Appendix S1). Besides the checks, patients could be excluded based on exclusion criteria. Exclusion criteria for patients were having gestational diabetes (identified by procedure code numbers of the hospital payment system); having diabetes type 1; being younger than 18 years; missing or incorrect information on age, sex, care group, or provider; other reasons, including changing insurance company, care group, or GP during the study period. Moreover, we only included patients enrolled in a DMP for the whole year (Appendix S1). Our population is described best as adult diabetics with complete health claims data for the year 2009; not classified as gestational but defined by: (1) BP health claim codes of DMPs for type 2 diabetes patients and (2) ATC codes for noninsulin diabetes medication (A10B "blood glucose lowering drugs").
Dependent Variables of Indicators
The variables of main interest were total treatment health care costs per diabetes patient in 2009, and diabetes-specific specialist care costs per diabetes patient in 2009. In Appendix S2A and B, descriptive statistics are presented in Euros.
The total treatment health care costs per patient were calculated by adding (1) general practice costs (i.e., consultation fees and capitation allowances, costs for practice nurses, and costs for integrated care, i.e., BPs), (2) costs of specialist care (i.e., outpatient costs, day-patient costs, and inpatient costs), and (3) other treatment costs (i.e., costs of pharmaceutical care, medical aids, physiotherapy, exercise therapy, speech therapy, occupational therapy, dietetics, patient transport, and mental health care).
The diabetes-specific specialist care costs per patient were calculated by adding outpatient costs, day-patient costs, and inpatient costs for diabetes-specific specialist care. Diabetes-specific was identified by the diagnosis "diabetes," which is part of the hospital declaration codes.
Statistical Analysis
The dataset has a nested structure: patients are nested within GPs, which are in turn nested within care groups. First, descriptive analyses were performed Cost Variation in Diabetes Care across Dutch Care Groups?
to get an overview of the characteristics of the included care groups, participating GPs, and patients enrolled in the DMPs of the care groups.
To answer the first research question regarding care groups and the treatment health care costs of patients with diabetes type 2, we studied the influence of care groups on two indicators of health care costs. To model costs with the aim of decomposing composition effects from context effects in the nested dataset, we used a GLMM with a log-normal distribution and identity link function using the GLIMMIX procedure in SAS. The linear predictor equals g ijk = c 000 + ΓX ijk + ΛG 0jk + v 00k + u 0jk + ɛ ijk which models the health care costs associated with patient i nested within GP j nested within health care group k; c 000 is the grand mean intercept; X ijk is the matrix of patient characteristics which may affect health care costs (e.g., age (centered on 67.1 years), sex (ref. female), and comorbidity (zero, one, two, three, or more)) and Γ are the patient-level parameter estimates; G 0jk is a matrix of predictors of GP-level characteristics (e.g., sex of GP and years of experience were no significant confounders and were therefore excluded from the models); and Λ refers to the GP-level parameter estimates. These patient-level and GP-level characteristics thus account for composition effects. Intraclass correlation coefficients (ICCs) were computed to identify how much of the total variance in health care costs can be attributed to the care groups and GPs (Snijders and Bosker 2012) . The ICCs at GP level were calculated by dividing the variation at GP level by the total variation. The ICCs at care group level were calculated by dividing the variation at care group level by the total variation (Hox 2002) . Patients with zero costs were excluded from the analyses. All 104,544 patients had more than zero total treatment health care costs, but only 9,949 had made diabetesspecific specialist care costs. Appendix S3 provides more information on the estimation procedures and alternative model specifications.
To answer the second research question regarding the GLMM approach versus the simple mean aggregation method, we compared the two methods of ranking. The first method consists of plotting the unadjusted means of health care costs per care group and their corresponding CIs. In the current study, we report on a 95 percent confidence level, that is, the sample estimate of the mean AE1:96 St. Dev ffiffi n p . Note, however, that this assumes the sample distribution to be symmetric and without outliers (for small sample sizes) or moderately skewed for larger sample sizes; in summary, although better than only providing a point estimate of the mean, this method does not perform well for smaller sample sizes per care group or a highly skewed cost distribution. The second method consists of plotting the predicted estimates of care group effects, also known as "posterior means," "predicted residual errors," or shortly "residuals" (Hox 2002) and their corresponding CIs of the three-level random-effects generalized linear model which allows for nonnormal error distributions. Finally, we created a scatterplot of both ranking methods to demonstrate the differences in rankings caused by the methods used. Reliability per care group was calculated by first calculating the GP-reliability (=lambda per GP) and using the sum of all GP lambda's per care group to calculate the care group lambda (Raudenbush and Bryk 2002) . We provide more detailed information on calculating the reliability of aggregated variables in Appendix S3. Moreover, to study the strength of the linear association between both measurements, we computed the Pearson correlation coefficient in Excel. All analyses were performed using SAS 9.3.
RESULTS
Characteristics of Study Population
Complete insurance claim data of 104,544 eligible diabetes type 2 patients from 2,067 GPs participating in 50 care groups for the year 2009 were used (see Appendix S2A). The average number of diabetes patients per care group was more than 2,000 but varied widely from 15 to more than 8,000 patients. Half of the patients were female and the average age was about 67 years.
Treatment health care costs per diabetes patient were on average about €4,500 (Appendix S2A). General practice costs constituted only a limited share of that figure, about €500. The largest cost items were for specialist care (averaging about €2,000 per patient), with only €63 of specialist care costs being diabetes-specific. Patients that had consumed diabetes-specific specialist care had on average higher total treatment health care costs (about €7,000; Appendix S2B).
Effects of Patient Characteristics
Table 1 presents the model estimates of the 2009 total treatment health care costs (Model 1 and 2) and diabetes-specific specialist care (Model 3 and 4) of diabetes patients in which patient characteristics and clustering of data in higher levels were taken into account. Presented results refer to the expected change in the natural logarithm of Y. Table 1 , Model 1 shows that the average patient across GPs and care groups made costs of €4,046 (=exp(7.8788)*exp (0.8534/2)). Model 3 shows the diabetes-specific specialist care costs for the average patient were €587 (=exp(6.1653)*exp(0.4202/2)). The age and sex of patients and the number of comorbid conditions were significant confounder variables in Model 2. Patient characteristics were associated with diabetes-specific specialist care costs (except "sex" and one category of comorbidity as both are not significant in Model 4). Because of the confounder variables, the total treatment health care costs and the diabetesspecific specialist care costs of a "typical" patient across GPs and care groups decreased with, respectively, 22 and 3.5 percent.
Effects of Clustering of the Data
In the model with the first indicator the variance on the GP level was small and on the care group level negligible compared to the patient-level variance (Table 1 ). The influence of the care group was stronger on the more care group-specific dependent variable, diabetes-specific specialist care costs (ICC >6 percent), while the GP-level variation was rather small (1 percent). As including patient characteristics showed no changes in the variances (Table 1 , Model 3 and 4), the 6 percent care group-level variance is not a composition effect of these characteristics.
Ranking Care Groups by Different Methods
In Figure 1 , care groups were ranked after taking the simple mean of the total treatment health care costs per patient per care group. The simple means of the 2009 total treatment health care costs varied between care groups from about €3,100 to €6,500. These are the "huge cost differences between care groups" that previous studies have found. Based on these health care cost differences between care groups, one could indeed argue that large efficiency gains are potentially achievable. However, the CIs of these simple means were so high that no significant variation between care groups could be observed. Figure 2 ranks care groups by plotting their residuals, which account for the clustered structure of the data and several patient characteristics (derived from data of Model 2 in Table 1 , GLMM approach). Figure 2 shows that some care groups significantly differed from the grand mean across all care groups (i.e., their CIs do not cross the x-axis), although the care group variance in Table 1 Model 2 showed to be very small. The typical patient of the "best performing" care group had €2,884 (=exp (7.6817 + (À0.08071))*exp(0.732/2)) total treatment health care costs, while the "worst performing" care groups had €3,511 (=exp(7.6817 + (0.116)) *exp(0.732/2)). This rather small difference of €400 would decrease even further if other patient-and GP-level characteristics could be included to account for more composition effects.
To answer research question 2, care groups were first ranked by using the simple mean of diabetes-specific specialist care costs of their patients that had consumed this kind of care (Appendix S4). When applying the GLMM approach with the dependent variable diabetes-specific specialist care costs (Table 1 , Model 4), significant variation between care groups was observed (Figure 3 ). More than a third of the care groups diverged from the grand mean of all care groups (their CIs do not cross the x-axis). Nine care groups had significantly higher than average diabetes-specific specialist care costs, while for 11 care groups these costs were significantly lower compared to the grand mean of all care groups. The care group with the random number 1 is an extreme outlier; while the typical patient across care groups and GPs had dia- 8  65  9  62  79  3  104  90  63  4  59  74  42  81  85  13  5  15  86  19  83  39  97  93  52  22  48  29  73  37  28  1  71  47  40  55  54  98  20  36  16  87  6  95  10  49 betes-specific specialist care costs of €566 (=exp(6.1301)*exp(0.4186/2)) and the costs of the typical patients for the "worst" care group were €997 (=exp (6.1301 + (0.565))*exp(0.4186/2)). To demonstrate the difference in ranking order of care groups between both methods, we plotted the care groups ranks based on the second cost indicator. We plotted the ranking of the care groups for both methods in a scatterplot (Figure 4) , with on the X-axis the care groups ranking number based on the simple mean aggregation (derived from Appendix S4), and on the Y-axis the ranking number of the same care group based on the GLMM approach (derived from Figure 3 ). Rank 1 refers to the care group with the lowest cost residual (the best performer) and rank 47 refers to the care group with the highest cost residual (the worst performer). If the chosen method would have a limited or no effect on the care groups' ranking order, all points would be close to or on the 45°line. Figure 4 shows that some points (circle symbols) are indeed close to the 45°line, showing less than 5 rank order differences. The Pearson correlation between the two methods was fairly high (0.79), too. However, 27 care groups showed a rank difference in methods of five positions or more (triangle and diamond symbols). A fair comparison of methods only compares rankings of care groups with reliably predicted residual point estimates (filled symbols). Of all care groups with reliable information (lambda higher than 0.6), 14 differed between five and nine positions (filled triangle symbol), and 5 differed 10 or more positions (filled diamond symbol). In summary, the statistical method used strongly affects the ranking pattern of care groups. Differences in rank position depending on the method of aggregation lead to differences in the upper and lower top-10 categories. Figure 4 shows that four (two reliable) of the top-10 of the simple ranking have lower positions in the GLMM ranking. Six (three reliable) care groups are not part of the lower top-10 in the GLMM method, while they are in the simple mean aggregation. 36  97  15  87  40  62  3  38  4  39  5  64  93  23  52  83  73  74  65  95  90  49  54  16  6  59  48  63  19  10  9  28  8  13  104  29  81  71  85  18  37  86  55  98  47 
DISCUSSION
The aim of this study was twofold. First, we aimed to investigate the association between the newly introduced care groups and health care costs of diabetes type 2 patients in general. We conclude that care groups-next to GPsappear to have a significant but small context effect on total health care costs per diabetes patient. This might be because overall cost variables are likely to be biased by several confounders (like nondiabetes-specific health care costs). Therefore, these overall cost variables may not be suitable for identifying care group variation and performance, although a reduction in the total costs is a desirable goal to achieve. As care groups have a negligible effect on health care spending of their patients, it is questionable whether care groups in their current form will realize the savings as projected by the Ministry of Health, Welfare and Sports (CPB Netherlands Bureau for Economic Policy Analysis 2009), or even achieve any slowdown in the cost growth. Furthermore, this study showed a care group context effect on diabetes-specific specialist care costs per patient. The patients' characteristics (the composition for which we were able to control) does not explain the context effect of care groups. Thus, this study showed that care groups do vary with regard to diabetes-specific specialist care costs. Our results suggest that when cost variation is studied, it is desirable to choose a cost indicator that has the potential to be directly influenced by care groups.
The second aim of this study was to determine whether ranking of care groups using the GLMM approach differs from ranking care groups using a simple mean aggregation. The difference between the simple mean aggregation and the GLMM approach seems small because of the high correlation, and one might prefer the easier applicable simple mean aggregation method. However, we also showed that this will not be without consequences for specific care groups. If cut-off points are going to be used to penalize or reward the performance of care groups, the exact ranking position will be very important for care groups, and by extension the method of aggregation. Hence, our study implies that careful consideration is required on, first, what type of health care costs to include and, second, what kind of statistical method to use in studying the performance of care groups. We recommend the GLMM approach or similar approaches for a more precise ranking to investigate the performance of care groups and diabetes-specific or diabetes-related specialist care costs as outcome variables.
Our findings are not in agreement with other Dutch publications (Achmea 2011; Van Schooten et al. 2012) on this topic, which stated that financial performance of "total costs" largely differed between care groups. However, we do conclude that some significant differences between care groups exist, when an appropriate indicator and a more sophisticated aggregation technique is used.
Importantly, this study did not aim to investigate how care groups affect health care costs, for example, by improving quality of care or facilitating a more efficient care delivery process. Although these are the expected mechanisms, we discuss several other possibilities. For example, the Dutch pricing system for specialist care differs between hospitals; physicians are either self-employed professionals and mainly paid via fee-for-services principles, or they receive a fixed salary from the hospital. Salaried physicians produce less volume than physicians reimbursed via fee-for-service (Douven, Mocking, and Mosca 2012) . Next to the payment system of hospitals, the traveling distance between the patient and the hospital is also of importance for secondary health care use and costs. The closer patients live to a hospital, the higher their preference for that hospital and the more likely it is that their GPs will refer them to that hospital (Birk and Henriksen 2012) . Consequently, care groups situated in the catchment area of an "expensive" hospital will have higher (diabetes-specific) specialist care costs as compared to care groups situated nearby a "cheaper" hospital or care groups situated in a more rural area. Another, more technical, explanation might be that hospitals differ in their coding practices. For instance, classifying health care claims procedures as "diabetes-specific" or "diabetes-related" like cardiovascular complications can be arbitrary and associated with other incentives and therefore might differ across hospitals (Hasaart 2011) . Hence, these hospital-related differences regarding (up-) coding procedures might have contributed to the care group variation without reflecting care group performance. Another reason for differences in diabetesspecific specialist care might be due to patient characteristics unknown to us that influence their decisions regarding health care utilization.
Our study has some limitations. Health claims data lack several patient characteristics that may affect the health care expenditures, like socio-economic status (Epstein, Stern, and Weissman 1990) and health-related behavior (Sturm 2002) . Consequently, we were not able to adjust for these compositional factors. Therefore, care groups situated in areas with high rates of people with a low socio-economic status might have higher perpatient costs that are incorrectly assigned to the care group performance. As most care groups cover a geographic area, the care group in which a patient is enrolled depends on where patients live, rather than on patient preferences. This implies that selection effects due to, for example, morbidityrelated factors, on top of socio-economic and demographic variation, are very unlikely. Care groups variance may have been overestimated by not accounting for this and other covariates with which context can be more adequately separated from composition (Bingenheimer and Raudenbush 2004) . Moreover, we confined our study to care groups that started up before 2009, and thereby only included the more frontrunner care groups. These frontrunners might perform differently than the later established care groups. Future research will be able to investigate the performance of all 100 Dutch care groups.
Cost Variation in Diabetes Care across Dutch Care Groups?
Some implications for policy makers and future research arise from our results. First, at this early stage of care groups and BPs, it is of utmost importance to develop scientifically sound methods for identifying care group variation for all stakeholders among which insurers, the Dutch Health Care Inspectorate, Dutch citizens, and care groups themselves. This study showed that the ranking of care groups depends on both the methods and the indicators used. By using inappropriate methods and indicators, the wrong care groups may be targeted to improve their performance and may experience negative consequences of these rankings during their negotiations with insurers.
Moreover, our results are also important for other countries in which provider-led entities, comparable to care groups, will be increasingly benchmarked in the coming years. For example, England's NHS has made a first attempt to benchmark the Clinical Commission Group (CCG) with an "information pack." This information pack allows CCGs to be benchmarked on several indicators with the purpose to inform CCGs about their current position compared to other CCGs (NHS 2012). Also, the US government established a national Accountable Care Organization benchmark for 33 different quality measures (Centers for Medicare & Medicaid Services, 2014) . Moreover, our findings are likely to be applicable not only for care groups but also for other health care providers.
Finally, to improve the ranking process of care groups and quality of care in general, further research should include-next to more information on hospitals in the adherence area-the content of the DMPs, patient characteristics such as socio-economic status, and outcome indicators on quality of care. More reliable conclusions about the cost-effectiveness of care delivered by care groups are only possible by combining health claims data, quality data, and information on the content of the DMP. Future research should also pay special attention to causes of variation between care groups in terms of quality, costs, and content of the services they deliver.
CONCLUSION
Our study showed that the care groups' performance differs to a limited extent with regard to total treatment health care costs per patient and to a larger extent with regard to diabetes-specific specialist care costs per diabetes patient. Next to that, benchmarking care groups based on taking the simple mean of health care expenditures across all patients probably have unfair consequences for some care groups.
